12 Mathematical models of biochemical reaction networks are central to the study of dynamic 13 cellular processes and hypothesis generation that informs experimentation and validation. 14 Unfortunately, model parameters are often not available and sparse experimental data leads to 15 challenges in model calibration and parameter estimation. This can in turn lead to unreliable 16 mechanistic interpretations of experimental data and the generation of poorly conceived 17 hypotheses for experimental validation. To address this challenge, we evaluate whether a 18
signal execution modes across varying conditions. Apoptosis signal processing can take place 23 either through a mitochondria independent (Type I) mode or a mitochondria dependent (Type 24 II) mode. We first show that in silico knockouts, represented by model subnetworks, 25 successfully identify the most likely execution mode for specific concentrations of key 26 molecular regulators. We then show that changes in molecular regulator concentrations alter 27 the overall reaction flux through the network by shifting the primary route of signal flow 28 between the direct caspase and mitochondrial pathways. Our work thus demonstrates that 29 probabilistic approaches can be used to explore the qualitative dynamic behavior of model 30 biochemical systems even with missing or sparse data. 45 The complex dynamics of biochemical networks, stemming from numerous interactions and 46 pathway crosstalk, render signal execution mechanisms difficult to characterize [1, 2, 3] . 47 Mathematical modeling of biochemical networks has become a powerful compliment to 48 experimentation for generating hypotheses regarding the underlying mechanisms that govern 49 signal processing and suggesting targets for further experimental examination [4, 5] . Models of 50 biochemical reaction networks, often based on a mass action kinetics formalism, are built to 51 represent known pathway mechanics with knowledge garnered from years or even decades of 52 experimentation [6, 7] . Although these models have yielded important predictions and insights 53 about biochemical network processes, they also depend on kinetic rate parameters and protein 54 concentrations that are often poorly characterized or simply unavailable. A typical workaround 55 is to employ model calibration methods to estimate suitable parameter values via optimization 56 to protein concentration time course data [8, 9, 10] . However, the data needed for parameter 57 optimization is often scarce, leading to the possibility of multiple parameter sets that fit the 58 model to that data equally well but exhibit different dynamics. [7, 9] . This poses a challenge for 59 the study of dynamic network processes as the mode of signal execution can be highly 60 dependent on a specific parameter set and could in turn lead to inadequate model-based 61 interpretation. A computational approach that enables the exploration of biochemical signal 62 execution mechanisms from a probabilistic perspective, constrained only by available data, 63 would facilitate a rigorous exploration of network dynamics and accelerate the generation of 64 testable mechanistic hypotheses [11] . 65 In this work, we investigate whether a Bayesian-inspired probabilistic approach can identify 66 network signal execution mechanisms in extrinsic apoptosis restricted only by experimental 67 observations. Two execution phenotypes have been identified for extrinsic apoptosis signaling: 68 a mitochondria independent (Type I) phenotype, whereby initiator caspases directly activate 69 effector caspases and induce cell death, and a mitochondria dependent (Type II) phenotype 70 whereby initiator caspases engage the Bcl-2 family of proteins, which ultimately lead to effector 71 caspase activation (see Box 1 for biology details). Most mammalian cells execute apoptosis via 72 the Type II mechanism, yet the Type I mechanism plays a central role in specific cell types, 73 particularly certain types of lymphocytes [12] . A significant body of experimental and modeling 74 work has identified key regulators for Type I vs Type II execution (see Box 1). However, it is still 75 unclear how network structure and the interplay among multiple regulators can modulate 76 signal execution for either cell type. A more traditional approach would prescribe intricate and 77 detailed experimental measurements of cellular response to yield the desired data and improve 78 our understanding of signal execution. However, the time and cost associated with such 79 experiments makes it unlikely, and at times infeasible, to obtain said data. It is here that we see 80 probabilistic inference approaches as complementary to experimentation, providing qualitative 81 insights about signal execution mechanisms by integrating the expected parameter space 82 subject only to available computer time. Here we demonstrate that a probabilistic approach, 83 constrained by network structure or molecular concentrations, can identify the dominant signal 84 execution modes in a reaction network. Specifically, we demonstrate the dependence of Type I 85 or a Type II cellular apoptosis execution on network structure and chemical-species 86 4 concentrations. We use expected values for quantifiable in silico experimental outcomes as 87 metrics for comparisons of signal flow through different pathways of the network and 88 subnetworks in order to identify how regulators affect execution modes. We introduce two 89 complementary approaches that can be used in tandem to explore signal execution 90 modulation. We first define a multimodel exploration method to explore multiple hypothesis 91 about apoptosis execution by deconstructing an established apoptosis network model into 92 functional subnetworks that effectively represent in silico knockout experiments. We also 93 define a pathway flux method to characterize the signal flux through specific network pathways 94 within the chosen canonical network. Combined, these two approaches enable us to 95 qualitatively identify key network components and molecular regulator combinations that yield 96 mechanistic insights about apoptosis execution. Our approach is generalizable to other mass Figure S1 ). The modified EARM, and all derivative models, were encoded in PySB. All 119 simulations were run using the mass action kinetics formalism as a system of ordinary 120 differential equations (ODEs) using the VODE integrator in SciPy within the PySB modeling 121 framework. All data results, representative models, and software are distributed with open-122 source licensing and can be found in the GitHub repository https://github.com/LoLab-VU/BIND.
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Expected value estimation 124 The expected value for a quantifiable outcome is, by definition, the integral of an objective 125 function that represents that outcome over the normalized distribution of parameters. This is 126 analogous to the estimation of Bayesian evidence where a likelihood function is likewise 127 integrated over a normalized distribution. We can thus use existing, established, Bayesian We carried out an analysis analogous to knockout experiments to investigate the contribution 166 of different network components to the overall dynamics of the apoptosis execution network. 167 We broke down the EARM network into six subnetworks and compared their likelihood of 168 achieving apoptosis across increasing concentrations of the regulator XIAP. A standard proxy for 169 apoptosis execution is cleavage of the protein PARP. We therefore define the proportion of 170 cleaved PARP, relative to total PARP, as a metric for effective apoptosis execution. We defined 171 the objective function that represents the amount of cleaved PARP as:
where is the amount of PARP that has been cleaved and is the total amount of 174 PARP in the system. When this objective function is substituted into equation (1) (Table S1 ). Vanderbilt University which has more than 600 compute nodes running Intel Xeon processors 228 and a Linux OS. As many as 300 evidence estimates were run in parallel on this system. 
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Overview: A Bayesian-inspired approach to explore mechanistic hypotheses. 237 Our overarching goal is to understand the mechanisms and dynamics of biochemical networks 238 responsible for cellular commitment to fate, given incomplete or unavailable data. We take a 239 probabilistic approach, similar to those used in Bayesian evidence-based model selection and hypotheses regarding the underlying mechanisms of signal processing. Using this approach, 243 we've employed two distinct but complimentary strategies.
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The first is Multimodel Exploration Analysis (Figure 1, left The second strategy is Pathway Flux Analysis (Figure 1 For subnetworks that include the mitochondrial pathway, Bcl-2 (an anti-apoptotic protein) was 286 eliminated, to explore Type I vs Type II activity independent of inhibitors that could confound 287 signal throughput, and more closely simulate a cell that is "primed" for death [57] . All other 288 initial values were fixed at the levels shown in supplementary Table S1. In the absence of XIAP 289 all six subnetworks have PARP cleavage estimates greater than 0.98, (Figure 2 caspase pathway suggests that the mechanism for XIAP induced transition to a Type II pathway 320 can be attributed to differential inhibition of the apoptotic signal through the isolated caspase 321 pathway vs a network with mitochondrial involvement. 322 The next two highest trends in expected values after that of the direct caspase network belong 323 to the networks representing direct caspase activation plus mitochondrial activation and 324 mitochondrial activation alone ( Figures 2G purple and 2G brown) . For most of the range with 325 10 XIAP below 100,000 these two networks have largely overlapping PARP cleavage trajectories, 326 despite the fact that the former has twice as many paths carrying the apoptotic signal. Near an 327 XIAP level of 100,000 the two trends diverge as the decrease in PARP cleavage for the 328 mitochondrial activation only network accelerates. This could be explained by XIAP 329 overwhelming the apoptosome at these higher levels. The apoptosome is an apoptosis inducing Figure S3 and interpreted in Text S1. is the nearly identical trajectories of the total signal flux through the low and high DISC models. 400 The average difference over the range of XIAP was only 0.011 (Table S3 ). This is consistent with the caspase pathway and we hypothesize that control of apoptosis is dominated by that 408 pathway. On the other end of the spectrum weak signal initiation and moderate to high levels 409 of XIAP result in a dependence on the mitochondrial pathway. Such behavior is consistent with 410 Type II cells like Jurkat [13] . In this case our results strongly indicate that the majority of signal 411 12 flux is carried through the mitochondrial pathway and we hypothesize that apoptosis execution 412 is dominated by that pathway. In between these two extremes is the case with strong signal 413 initiation, and moderate to high levels of XIAP levels with apoptotic dependence on 414 mitochondrial activity. Such a scenario that is consistent with MCF-7 cell that are known to have 415 traits of both phenotypes [13] . In this case, we found that the majority of the apoptotic signal is 416 carried through the caspase pathway despite the dependence on the mitochondria and we 417 hypothesize that the mitochondrial pathway acts to allow the apoptotic signal through the 418 caspase pathway. Table S5 ). Under these conditions PARP cleavage for the mitochondrial pathway drop 447 well below that of the direct caspase pathway, which is reflected in the expected value ratios 448 trend as a shift into negative territory and indicate that the caspase pathway is favored. PARP 449 cleavage for the complete network under MOMP inhibition is shifted closer to that for the 450 caspase pathway at higher concentrations of XIAP but is still higher throughout the full range of 451 XIAP. The peak in the associated expected value ratios is flattened as the level of XIAP increases 452 from low levels, suggesting that increasing XIAP is less likely to induce a transition to a Type II 453 phenotype in a system with an already hampered mitochondrial pathway. We note that Table S6 . 478 Ultimately, the choice of population size for the methods we have laid out here will depend on 479 the networks to be compared, the objective function, and how well the trends in the expected 480 values must be resolved in order to make inferences about network dynamics. For example, at 481 a population size of 500 the trend in the PARP cleavage expected values for the direct caspase 482 pathway is clearly discernable from that for the mitochondrial pathway and the complete 483 network, but the latter two are largely overlapping ( Figure S4A ). At higher population levels, 484 however, two distinct mitochondrial and complete PARP cleavage trends become apparent 485 ( Figure S4K ). If expected value ratio trends are desired then the choice of population size must 486 take into consideration the amplification of the noise from both expected value estimates (see 487 Figures S4(B To our knowledge this is the first attempt at a probabilistic analysis of network dynamics for 535 physicochemical models and we believe this method will prove valuable for the large-scale 536 exploration of those dynamics, particularly when parameter knowledge and data are scarce. Table S1 721 Table S2 722 Table S3 723 Table S4 724 Table S5 725 Table S6 726 Figures 
